between microbes is the exchange of nutrients between cells. Isotope labelling followed by analysis 21 with secondary ion mass spectrometry (SIMS) can identify nutrient fluxes and heterogeneity of 22 substrate utilisation on a single cell level. Here we present a novel approach that combines SIMS 23 with a mechanistic model to reveal otherwise inaccessible nutrient kinetics. The method is applied 24 to study the onset of a synthetic mutualistic partnership between a vitamin B12-dependent mutant 25 of the alga Chlamydomonas reinhardtii and the B12-producing, heterotrophic bacterium 26
Introduction

31
Microbial communities underpin many globally important processes, from biogeochemical cycles (1) 32 and the ecology of aquatic (2,3) and terrestrial food webs (4,5), to wastewater treatment (6,7) and 33 the health of agricultural soils (8). A key feature of the interactions within these communities is the 34 exchange of metabolites between species (9). In aquatic environments, photosynthetic carbon 35 fixation by phytoplankton supports higher trophic levels, but also provides an important carbon 36 source for heterotrophic bacteria (10-12). Conversely, bacteria have been shown to provide limiting 37 nutrients to algae, including nitrates, phosphates and iron (13), vitamins (14,15) and carbon dioxide 38 (16). Depending on environmental conditions, these metabolite exchanges control the outcome of 39 microbial interactions, from parasitic, through commensal, to mutualistic (17) (18) (19) . 40
To exploit microbial communities for biotechnological applications, it is crucial to be able to 41 predict and control microbial interactions. Extensive studies of natural microbial communities using 42 SIMS-modelling approach to nutrient kinetics Moreover, studies of engineered yeast communities combining agar pad experiments and models 50 incorporating nutrient diffusion revealed that cross-feeding interactions influence genetic drift 51 during spatial expansion (27) , and that spatial self-organisation favours cooperation over cheating 52 (28) . 53 The exact metabolic interactions within microbial communities are often unknown. 54
Secondary ion mass spectrometry (SIMS, NanoSIMS), an imaging mass spectrometry technique 55 capable of analysing single microbial cells, reviewed in (29-33), has been instrumental in identifying 56 new symbioses and microbial interactions for both cultured and non-cultured associations (34-37). 57
Moreover, the metabolic activity and phylogenetic identity (16S rRNA) of single cells can be linked by 58 combining in situ hybridization methods with SIMS (38,39). Using SIMS and NanoSIMS to visualise 59 and quantify substrate utilisation in single cells, filaments, and colonies of microbial cells has helped 60 to determine the heterogeneity of single cell metabolic activity (38,40), sub-cellular location of 61 assimilated substrates (41,42), nutrient exchanges between symbiotic partners (35,36) and the 62 effect of physical attachment on carbon and nitrogen fluxes between bacteria and microalgae 63 (43, 44) . 64
In these studies, SIMS was primarily used to visualise and measure nutrient assimilation and 65 transfer. In the dilute aquatic environment, microbial interactions will involve dynamic nutrient 66 exchanges, particularly at the onset of association, when metabolite fluxes may be quite different 67 from those arising during a stable, long-term interaction. Here we explore the establishment of 68 SIMS-modelling approach to nutrient kinetics (1) 154
Several technical considerations were taken into account (full details in Supplementary 155
Information and Figure S2 ). First, a depth analysis was performed by taking repeated measurements 156 of the same cells, which demonstrated that a single measurement was sufficiently representative for 157 bacteria, whereas for algal cells the mean of three repeated measurements was used to obtain a 158 representative measurement. Second, a scattering effect associated with highly labelled algae was 159 observed, therefore for the analysis described in this work only bacteria from scan areas not 160 containing labelled algae were included. Lastly, the dilution effect, due to chemical fixation and 161 nucleic acid staining introducing unlabelled carbon into cells, was taken into consideration (see Table  162 S3). To estimate the undiluted atomic fraction of #$ , SIMS results were dilution-corrected using the 163 method established in (53) . 164 
Mechanistic model
174 with and the algal and bacterial cell densities respectively, ] and f the maximum growth 175
rates, ] and f the carrying capacities, and d and i the half-saturation concentrations. Although 176 DIC is assumed to be non-limiting (as in the experiments), accounting for DIC kinetics was essential 177 to connect the model to SIMS experiments, where isotope labelling relied on assimilation of #$ via 178 DIC. As any living cell, heterotrophic bacteria can assimilate inorganic carbon through carboxylation 179 reactions (54,55). The model incorporates this observation through a DIC uptake parameter defined 180 as = n opq / n , where n opq is the DIC uptake rate and n the total carbon uptake rate. Bacterial 181 respiration further contributes to the inorganic carbon kinetics (56). This is modelled through the 182 maximum bacterial growth efficiency , which quantifies how respiration affects carbon uptake in 183 the exponential growth phase. For → 1, respiration goes to zero and does not affect carbon 184 uptake. Instead, with → 0 respiration rate is high compared to growth rate and thus strongly 185 affects the carbon kinetics. Further, the model minimally describes photosynthesis and carbon 186 storage in algae by splitting algal carbon biomass into two internal components, photosynthetically-187 write down differential equations for the dynamics of the atomic fractions, observed experimentally 200 using SIMS. As an example, the atomic fraction for bacteria is given by 201 Concomitantly to SIMS, bacterial abundance was quantified using viable counts. As 214 expected, higher glycerol concentrations resulted in faster exponential growth and larger carryingobserved (see also Figure S7 ). This was likely due to internal stored carbon carried forward from the 217 pre-culture. During the first 24 ℎ, when all cultures analysed were in the exponential growth phase, 218 greater #$ -enrichment was observed for bacteria grown with a higher concentration of glycerol 219 ( Figure 2B ). Since only inorganic carbon was labelled, the increase in f demonstrates DIC acquisition 220 by M. loti. 221
The co-culture model was applied to interpret the SIMS results for the axenic cultures of M. 222 loti. Mathematically, the model used for axenic bacteria is given by equations (2), (3) and (4) in 223
Materials and Methods, with = = w = u = 0, which describes logistic growth of a bacterial 224 population growing on a limiting organic carbon source. 225
To fit the model to the SIMS and growth data, two global fits were performed, one including 226 respiration and another ignoring it. In the latter case, the model was unable to reproduce the data 227 well (dotted line in Figure 2B would be required to further investigate the functional relationships emerging from our data. 244
Overall, this study of axenic cultures revealed how the combination of temporal SIMS measurements 245 with modelling can help determine which key metabolic phenomena are responsible for observed 246 isotope labelling dynamics. 247
Carbon transfer from algae to bacteria in co-culture
248
To gain new insights into the establishment of mutualistic algal-bacterial interactions, we applied the 249 combined SIMS-modelling approach to study a co-culture between C. reinhardtii metE7 and M. loti. 250
The algae were pre-labelled and not washed prior to co-culture inoculation (see Materials and 251
Methods and Figure S9 ), therefore DOC from the pre-culture was carried over into the co-culture. 252
This provided the best chance of observing bacterial assimilation of algal derived carbon, given that 253 the time-scale for DOC to become available to bacteria in the co-culture had not been measured 254
previously. 255
The labelled carbon kinetics in the co-culture were followed using SIMS over a period of 256 72 ℎ. SIMS images ( Figure 3A ) were used to determine the atomic fraction of #$ , , for individual 257 bacterial and algal cells. As for axenic bacteria, the quantities ] and f denote the average atomic 258 fractions for a population of algae and bacteria respectively ( Figure 3B) ; single cell heterogeneity is 259 considered below. Sustained population growth was observed for both the algal and bacterial 260 populations ( Figure 3C ), which implied that they were not nutrient limited. In spite of algal 261 population growth, ] remained approximately constant throughout the co-culture ( Figure 3B Table S8 ), which is not realistic for a 279 culture expected to contain some labelled DOC from the highly labelled algal pre-culture. Neither fit 280 was thus able to quantitatively capture the observations, suggesting that our model is probably too 281 simple to be fully quantitative. Nonetheless, the model fits the data well qualitatively, and could be 282 used to explore the nutrient kinetics that are not directly inferable from our measurements. 283
Using parameters from fit 1 (Supplementary Table S6) , the model revealed the potential B12 284 and DOC kinetics driving the microbial growth dynamics (Figure 4A-B) . The vitamin concentration 285 increases from zero (the co-culture medium was assumed to be initially vitamin-free because 286 bacteria were washed thoroughly prior to establishing the co-culture and B12 was assumed to have 287 been fully depleted in the pre-labelling culture of algae because it was inoculated with only 288 100 3# B12), and then starts to decrease after about 40 ℎ ( Figure 4A ). Conversely, the DOC 289 concentration [ drops from the initial concentration [ (0), carried over from the unwashed algal 290 pre-culture, and then starts to rise after approximately 30 ℎ ( Figure 4B ), a few hours before the 291 turnaround in B12 concentration. These results can be interpreted in terms of the production and 292 consumption of nutrients, and the resulting population growth. At the start of the experiment 293 SIMS-modelling approach to nutrient kinetics H. Laeverenz Schlogelhofer et al 13 bacterial DOC uptake during growth was likely responsible for the initial depletion of DOC (Figure  294 4B), which occurred at a faster rate than could be replenished by the algae. The model results also 295 suggest that growing bacteria were initially producing B12 faster than the algal uptake rate, allowing 296 the vitamin concentration to increase ( Figure 4A ). As it did so, the algae grew and photosynthesised, 297 producing DOC to be utilised by the bacteria, which proliferated in turn. The turnaround in the 298 nutrient kinetics occurs when production and consumption rates are matched, seen mathematically 299 by setting reproducing a turnaround at approximately the same time ( Figure 4C ). The model implies that this is 306 because the rate of DOC uptake by bacteria is proportional to the DOC concentration, such that a 307 decrease in the DOC concentration decreases the uptake rate, which directly slows down the rate of 308 #$ assimilation. Thus, the model, while not providing a fully quantitative description of the growth 309 dynamics, is nevertheless able to chart the temporal variation of the nutrient kinetics from isotope 310 labelling experiments. 311
Single cell heterogeneity Figure S3) . For the highest glycerol concentration, the cell 321 distribution was seen to broaden and then narrow again over time, corresponding to the rise and fall 322 of the mean atomic fraction, and a transition of the culture to stationary phase. In contrast, for 323 bacteria in co-culture, the distribution of single cell atomic fractions broadened steadily over time 324
(Supplementary Figure S4) . while also providing more extensive data in terms of temporal dynamics and concentration of 356 organic carbon. Fractional DIC uptake, described by the parameter , and respiration, described by 357 the bacterial growth efficiency parameter , were essential for quantitatively describing the results. 358
Fitting the model to results of #$ labelling experiments provided values for these parameters, an 359 approach that could be used in future studies to investigate how these parameters are affected by 360 environmental variables, including temperature, nutrient limitation and energetic quality of the 361 organic carbon substrate (56,66). 362
The SIMS-modelling approach was then used to shed light on the role of nutrient exchange 363 during the onset of mutualistic interaction in a co-culture of M. loti bacteria and vitamin B12-364 dependent C. reinhardtii metE7 algae. SIMS results showed that the bacteria assimilated algal-365 derived labelled carbon and using our mechanistic model we further revealed nutrient kinetics that 366 couple the mutualistic partners. Initial DOC in the co-culture (carried forward from the algal pre-367 culture) delayed the onset of reciprocal mutualistic interaction: algae and bacteria started to grow 368 exclusively on what each partner was producing only after about 30 ℎ into the co-culture. A similar 369 SIMS-modelling approach to nutrient kinetics H. Laeverenz Schlogelhofer et al 16 time-scale was observed in a NanoSIMS study of Antarctic microbial communities, which found that 370 heterotrophic bacteria used organic carbon exudates from primary producers within 24 ℎ (67). 371
Exploiting the single cell resolution of SIMS, our results revealed the heterogeneity of carbon 372 uptake across a bacterial population. The distribution of atomic fractions for axenic bacteria 373 displayed a width that was non-monotonic with time, whereas for the bacteria in co-culture with 374 algae, this width increased monotonically. This difference in the temporal evolution of the standard 375 deviation could be because DIC kinetics governed the isotope labelling in the axenic cultures, while 376 the isotope labelling of co-cultured bacteria was likely dominated by uptake of algal derived DOC. To 377 simulate variation of phenotypes across the bacterial population, our model was solved with 378 parameter values above and below the fit results. A distribution in inorganic carbon uptake gave the 379 best agreement with experiment for axenic cultures, whereas a distribution in bacterial growth rate 380 best accounted for the co-culture measurements. This could well reflect the heterogeneous carbon 381 environment for bacteria growing on algal exudates comprising a mix of compounds, each 382 corresponding to a different growth rate. Conversely, axenic bacteria were fed on a single carbon 383 substrate. Future studies could compare structured mechanistic models and computer simulations 384 that describe variation in population dynamics and nutrient kinetics across microbial populations 385 (58,68,69) with the approach to modelling heterogeneity used here. 386 Using a mechanistic model enhanced the interpretation of temporal nutrient kinetics data 387 obtained using SIMS for an algal-bacterial co-culture. As discussed, the model we have constructed 388 works well qualitatively, but comparison with the SIMS experiment points to possible improvements. 389
For example, the model fit to SIMS data for the co-culture could benefit from better parametrisation 390 of DOC production and its assimilation by bacteria. Further experiments that include DOC 391 measurements would allow better estimates for the algal DOC export parameter i and the bacterial 392 carbon uptake parameter f,i to be obtained. For the co-culture a discrepancy between bacterial 393 growth and isotope labelling was observed, with estimates of net carbon assimilation rate from 394 bacterial #$ enrichment measurements accounting for only about 6 % of bacterial populationgrowth (see Supplementary Information) . This suggests that the pre-cultured bacteria were not 396 completely carbon starved and could grow using internal stores of organic carbon. Future models 397 could account for internal carbon storage in bacteria, e.g. using nutrient kinetic models informed by 398 flux balance analysis. Despite these limitations, the current model could be used to qualitatively 399 predict mutualistic dynamics, e.g. how different species or mutant combinations would grow or how 400 different initial conditions affect the interaction outcome. This could guide experimental 401 investigation and accelerate discovery towards a mechanistic understanding of microbial 402 interactions. Information.
